The paper presents the development and implementation of a geo-spatial model for mapping populations' access to specified types of water and sanitation services in Nigeria. The analysis uses 
INTRODUCTION
Until now, efforts to measure access to water and sanitation around the world have provided a certain level of aggregation at the subnational level, such as for particular government districts, but rarely do we encounter highresolution maps for entire countries. Using survey data to map particular indicators is difficult for a number of reasons. First, the actual location of the surveyed establishment is usually unavailable. Second, due to cost constraints, and to ensure representativeness, surveys typically use cluster-based sampling techniques, which make the distribution of observations uneven across a given area. The absence of reliable, granular, evenly distributed, geo-referenced data makes it difficult to accurately compare water, sanitation, and hygiene (WASH) access across a country, or to identify those areas in greatest need of investment.
The poor provision of safe, accessible water and sanitation services in Nigeria has commensurate public health and economic impacts. Evidence from Nigeria has shown that those sectors of the population with the worst water, sanitation, and hygiene conditions are also the ones most at risk of attaining diseases due to inadequate health (Andres et al. ) . A majority share of the Global Burden of Disease (GBD) enteric burden -a common measure for estimating the health burden and risk factors of diseases -estimated for Nigeria is associated with inadequate WASH, and disproportionately borne by poorer children and those in vulnerable geographic areas (Andres et al. ) . Approximately 73 percent of the GBD enteric burden estimated for the country is associated with inadequate WASH (Andres et al. ) . to safe water and sanitation, a national spatial inventory of 89,721 water points and 5,100 water schemes, and a survey on access to WASH services in over 50,000 public facilities, including health and educational centers (see Andres et al. () for more information on the NWSS).
The model presented here makes use of the NWSS household survey, as well as the surveys on water points and water schemes, all of which include geo-locational data. (All surveyed households and water service points were geo-referenced in the surveys to provide latitude and longitude coordinates. Water schemes were also geo-referenced using their centroid location, although it should be noted that in many cases, these schemes occupy a significant area and so, the use of a single central location is a potentially crude approximation of their true spatial extent and coverage.) These data present an unprecedented opportunity to use geo-spatial models to analyze, at a detailed level, the geographical characteristics of access to safe water and sanitation across the country.
In sectors outside WASH, many household and facility surveys now include geo-locational information (e.g., the lati- From the NWSS household survey, we were able to construct seven access to WASH indicators, informed by the Sustainable Development Goals (SDGs) (WHO/UNICEF ). These indicators are: (1) access to improved water, (2) access to basic water, (3) access to improved water on premises, (4) access to piped water on premises, (5) lack of access to fixed-point sanitation (also known as open defecation), (6) access to improved sanitation, and (7) access to sewerage connection, with definitions as follows:
(1) Improved water sources are those which, by the nature of their construction and when properly used, are adequately protected from outside contamination, particularly fecal matter. Such sources include piped water to yards/plots, public taps or standpipes, tube wells or boreholes, protected springs, and rainwater.
(2) Basic water satisfies the requirements of 'improved water' but also assumes a 30-minute round trip collection time. 
Geo-spatial covariates and population data
In addition to the NWSS's outcome data on the indicators of interest, a second category of data used for analysis was a suite of geo-spatial covariates that may be correlated with the indicators of interest, and thus partially explain observed spatial variation, allowing for more accurate predictions across each map. Geo-spatial covariates are gridded spatial data: each grid cell (or pixel) contains the value of a particular property. An initial set of spatial covariates were identified as potentially useful predictors of water and sanitation access levels, based on previous attempts to predict poverty in Nigeria (Gething & Molini ) . This set of covariates is presented in Figure 2 and consists of (1) a vegetation index, (2) aridity, (3) landsurface temperature, (4) brightness of nighttime lights, and (5) estimated travel time to the nearest functioning water source. The spatial covariates may be described as follows:
(1) Vegetation index (Figure 2 
An alternative population grid, from the Global Rural
Urban Mapping Project (http://sedac.ciesin.columbia.edu/ data/set/grump-v1-population-density) (GRUMPv, ), was also investigated. These gridded population surfaces were not used as covariates but were used to calculate population-weighted mean and count estimates for the various modeled indicators.
Defining and implementing a standardized grid format
The geo-spatial data sources described above were obtained in a variety of spatial resolutions and geographic extents. The land-sea templates inevitably varied, so the precise definition of coastlines, and the inclusion or exclusion of small islands and peninsulas, was not consistent. These factors precluded the direct use of these data in a single spatial model. To overcome these incompatibilities and generate a fully standardized suite of input grids on an identically defined geographic template, a processing chain with the following stages was developed.
First, each input data source was re-projected, where necessary, using a standardized equirectangular Plate Carrée projection under the World Geodetic System 1984 coordinate system. Second, where input grids were defined at differing spatial resolutions, they were resampled to 1 × 1 km. Third, grids were either extended or clipped to match a standardized extent. Fourth, a bespoke algorithm was developed that compared each rectified and re-sampled grid to a 'master' land-sea template for Nigeria and used a simple interpolation and/or clipping procedure to align new grids to this master template, thus ensuring that the entire coastline was perfectly consistent on a pixel-by-pixel basis.
METHODOLOGY Model-based geo-statistics
The predictive approach used in this study to generate finescale maps of each water and sanitation indicator across Nigeria was based on a body of statistical theory known as MBG. In an MBG framework, the observed variation in cluster-level indicator values is explained by one of the following four components:
(1) A sampling error, which can often be large given the small sample sizes of individual clusters, is represented using a standard sampling model (e.g., a binomial model where cluster-level data consist of a selection of 'poor' households from the total number sampled).
(2) Some non-sampling variation can often be explained using fixed effects -whereby a multivariate regression relationship is defined by linking the dependent poverty variable with a suite of geo-spatial covariates.
(3) An additional non-sampling error not explained by the fixed effects is usually spatially auto-correlated, and this is represented using a random effect component. The mean component, μ, was modeled as a linear function of the n geo-spatial covariates, μ ¼ βx, where
0 was a vector consisting of a constant and the covariates indexed by spatial location x, and β ¼ (β 0 , β 1 , . . . , β n ) was a corresponding vector of the regression coefficients. Each covariate was converted to z-scores before analysis. Covariance between spatial locations was modeled using a Matern covariance function:
where, d(x i ; x j ) is the geographical separation between two points; σ, v, ρ are parameters of the covariance function defining, respectively, its amplitude, degree of differentiability, and scale; K v is the modified Bessel function of the second kind of order v; and Γ is the gamma function.
Incorporation of covariates
In a standard non-spatial generalized linear model regression approach, it is necessary to undertake a formal covariate selection procedure to maximize the ultimate predictive accuracy of the model. Including too few informative covariates means that exploratory power is lost, but the inclusion of too many may result in the high-dimensional multivariate model overfitting the data, explaining noise rather than signal and, ultimately, reducing predictive accuracy. Because full geo-statistical models are extremely time-consuming to fit, a common practice has been to use simpler non-spatial models to determine the optimum covariate selection for subsequent inclusion in the full spatial modeling framework.
Techniques such as stepwise variable selection are often used, whereby a covariate set is built up by progressively adding new candidate covariates to a model (forward selection) or subtracting them from an initial inclusive set (backward selection), and deciding to keep or discard each new covariate based on its impact on the model fit. These techniques are, however, known to be sensitive to the order in which variables are added or removed, and therefore risk generating arbitrary final selections.
In this study, a more novel approach has been implemented: the use of 'regularization' embedded within the geo-statistical model itself. In intuitive terms, this allows a large suite of candidate covariates to be entered into the main model while achieving two things. First, it allows the model to sacrifice a small amount of bias for a large reduction in variance (in a trade-off between bias and variance), greatly improving out-of-sample predictive capacity. Second, the regularizer shrinks the coefficients of the covariates, which means that the effects of collinearity are minimized, making the model more stable and robust.
In formal terms, a Gaussian process anterior was imposed on the likelihood, allowing regularization of the posterior mean:
Here, N(Á) is the Gaussian probability distribution function; f x is the Gaussian process function; y is the response; μ, C are the mean and covariance functions, as defined earlier; and σ 2 I is the noise or error. The regularization is not just the l 2 distance in the conventional ridge regression but the Mahalanobis distance, which accounts for the elliptical skew due to the covariance function, thereby including all correlated effects into the regularizer. In addition to the conceptual benefits afforded by the Gaussian process prior, the possible inclusion of a priori non-linear transformations on the fixed effects was explored. However, these non-linear transformations did not lead to significant improvements over the non-transformed parsimonious model, and so the latter was retained. Model complexity was measured using the Deviance Information Criteria. 
Model implementation and output

RESULTS
Model coefficients
Model validation
The predictive performance of the model for each indicator is assessed via out-of-sample cross-validation. A fourfold hold-out procedure was implemented whereby 25% of the data points were randomly withdrawn from the data set, This suggests that, from a policy perspective, the WASH policies targeted at the most densely populated areas will also benefit from the greatest certainty. In the case of piped water on premises, the estimation results have a high level of certainty across a large proportion of the territory. In Figure 4 , the results for sanitation indicators are similar to those for water. Imo to the south and Kano to the north). The degree to which these higher urban rates extend past city limits and into surrounding rural areas is far smaller for basic water and improved water on premises than for improved water, leading to a more focal, concentrated urban effect.
At the state level, Enugu has the lowest rates of access to both basic water and improved water on premises (7.5% and 6%, respectively), while Lagos has the highest (75% and 60%, respectively). (Additional information, outside the scope of this paper, is required to further flesh out the Only seven states have rates of 10% or more for piped water (Abuja, Plateau, Taraba, Delta, Yobe, Nasarawa, and Jigawa) and just four states have rates of 10% or more for sewerage connections (Lagos, Abuja, Nasarawa, and Taraba). Table 3 for additional details.)
When we compare these results with Figure 9 , which shows the predicted level of access to sewerage, we observe that the main difference is in access to improved sanitation.
In the case of sewerage, the level of access is very low across all the regions of Nigeria.
Finally, Figure 11 The availability of these spatially detailed estimates provides a new trove of important information to support the targeting of programs advancing water and sanitation access in Nigeria, and offers more detailed, granular estimates for tracking progress toward the SDGs.
